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Abstract

The objective of the Chinese Vision-Language Understanding Evaluation (CVLUE) is to compre-
hensively assess the performance of Chinese vision-language multimodal pre-trained models in
multimodal modeling and understanding across four tasks: Image-Text Retrieval, Visual Ques-
tion Answering, Visual Grounding, and Visual Dialog. To enhance the models’ performance
across various multimodal tasks, this paper propose a multimodal information understanding en-
hancement method based on answer-guided images. Firstly, we propose task-specific methods
for answer-guided image generation. Secondly, the authentic and answer-guided images are fed
into the model for multimodal fine-tuning, respectively. Finally, training objectives are set for
different tasks to minimize the gap between the answer-guided images and authentic images,
thereby supervising the results produced by the authentic images utlizing answer-guided images.
The experimental results demonstrate the effectiveness of the proposed method.

1 Introduction

The Chinese Vision-Language Understanding Evaluation (CVLUE) aims to assess Chinese vision-
language multimodal pre-trained models from multiple perspectives, including Image-Text Retrieval
(ITR), Visual Question Answering (VQA), Visual Grounding (VG), and Visual Dialog (VD). This com-
prehensive evaluation is designed to measure the multimodal modeling and understanding capabilities of
these models. Exploring the diverse dimensions of Chinese multimodal pre-trained models not only re-
fines modeling strategies and optimization algorithms, but also significantly enhances the models’ ability
in multimodal information comprehension and interaction. Researchers can also gain a deeper insight
into their practical applications within real-world Chinese contexts.

To enhance the capabilities of Chinese vision-language multimodal pre-trained models across vari-
ous multimodal tasks, we propose a method to strengthen Chinese multimodal comprehension by bridg-
ing the gap between authentic and answer-guided images. Firstly, we propose a method to generate
answer-guided images for each task. Specifically, for the ITR task, we generate images according to im-
age captions utilize Chinese text-to-image generation models. The synthetic images effectively highlight
key textual information through attributes such as color, quantity, and orientation. For the VQA and VD
tasks, we adopt an image generation approach based on questions and answers, integrating answer infor-
mation into the image generation process. For the VG task, images with grounding information are used
as answer-guided images. Secondly, both the answer-guided images and authentic images are fed into
the model, respectively. Thirdly, we bridge the gap between authentic and answer-guided images dur-
ing the training process, thereby enabling the answer-guided images to supervise and elevate the results
yielded by authentic images. Experimental results across various tasks demonstrate the effectiveness of
our proposed method in enhancing Chinese multimodal understanding.
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2 BackGround
21 X2-VLM

X2-VLM (Zeng et al., 2022a) represents a modular architecture multimodal vision-language model,
which is trained through a unified framework to learn multi-grained visual-language alignments. This
model enhances its comprehension of weak-correlated image-text pairs by associating visual concepts
such as objects, regions, and images with text descriptions, facilitating the execution of various image-
text tasks without the need for additional image annotations. Moreover, X 2>-VLM exhibits commendable
cross-lingual and cross-domain adaptability. By replacing text encoders tailored for specific languages
or domains, it effectively adapts to image-text tasks across different languages and domains without
the necessity for related pre-training, demonstrating its potential and flexibility in multimodal applica-
tions. Thus, we have selected X 2-VLM as the pre-trained model for this Chinese image-text multimodal
evaluation.

2.2 VisCPM

VisCPM (Hu et al., 2023) is a family of open-source large multimodal models, which support
multimodal conversational capabilities (VisCPM-Chat model) and text-to-image generation capabilities
(VisCPM-Paint model) in both Chinese and English, achieving the state-of-the-art performance among
Chinese open-source multimodal models. VisCPM is trained based on the large language model CPM-
Bee with 10B parameters, fusing visual encoder (Muffin) and visual decoder (Diffusion-UNet) to support
visual inputs and outputs. In this evaluation, we utilize the VisCPM-Paint model to generate images ac-
cording to Chinese prompts related to ITR, VQA and VD tasks.

3 Participating System

This section provides a detailed description of the methods and strategies employed in our eval-
uation. Our method can be devided into two stages: the generation of answer-guided images and the
multimodal fine-tuning for each task. To obtain answer-guided images, we design different prompts for
text-to-image generation according to different tasks. We also set specific training objectives to accom-
modate the characteristics of each task during the multimodal fine-tuning stage.

3.1 Answer-guided Image Generation

In the ITR, VQA and VD tasks, we employ the VisCPM-Paint model for image generation and
adopt distinct text-to-image generation prompt strategies for different tasks.

As shown in Table 1, for the ITR task, we concatenate the five different captions associated with
each image in the training set to form the prompt for text-to-image generation. For the VQA task, as
indicated in Table 2, we combine the questions and answers corresponding to each image in the training
set using GPT-3.5 (Ouyang et al., 2022). The output sentences of GPT-3.5 are used as prompts for image
generation. For the VD task, considering that the majority of images in the training set for the VD task
overlap with those in the ITR task, we choose to use the images generated for the ITR task as the answer-
guided images for the VD task, while the rest of the images that are not included in the ITR training set
are generated using prompts crafted manually from dialogues.

For the VG task, given the particularity of the task, we don’t employ the method of text-to-image
generation to obtain answer-guided images. As shown in Figure 1, we annotate the bounding boxes of
each phrase directly on the authentic images based on the provided bounding box data in the training
set. The images are annotated on the authentic images then utilized as the answer-guided images for this
task.

3.2 Multimodal Fine-tuning

For different tasks, we design specific training objectives for multimodal fine-tuning. Given the
discrepancies in distribution, color, and orientation information between answer-guided images and au-
thentic images, and considering that answer-guided images contain the visual information required by
multimodal tasks from text-image pre-trained model, we propose a method to bridge the gap between
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Text-to-image Generated

Task Train Set Generation Prompt images

"caption”: ['HAT E B =L RETH AN, | WA LE=ALR, KETH=
SARMAT - EREE—ELTIE, RIEAT, SREF L BEE—&
ITR | =@zt i, SEAMEEETL,
EAF TETER L4 FTEEE —L4,

{"question”: "HJLR KAEIE? ",
"answer": "2" },

{"question”: "KREIEFE SN ? BEFRAERAIAKEE, KERE
VQA “answer": "£", P4, BEHEED.

{"question”: "EEFE#HL? ",

"answer": "H"}

"dialogues™:[{"question": "X A M ZEAMA AT ",
"answer”: XN ABTEBDERFE RS . B, ),

{"question”: "XMAKIFRIEREHMN? ", —MREZN LT ALEBILRE
"answer”: "EAERIFEIMRIAR, 1, Re, BihEER, £, BK

VD | fquestion”: XA ALTERNGHEHA? ", EHMEW, BREARZRIEE
"answer”: "BIIEFR, RE, BEAFEMSEW. | B,

{"question”: "XMA BB AEELZAN? ",
"answer” "B—MREZHNZ A )

Table 1: Prompt examples for text-to-image generation.

Prompt TEIRIE N IR R E A NG HILARRRIE? 3; H M R BRI A —E MY
R KERIEAE NRREOMR? ik -

BRI = FORARM, EAAR M AR IEE R, THXLRRR AT NI -

g{giﬁgﬁé@lﬂ%{%{{%%ﬁﬂ HILRKREIE? 2; KERIEESMEY & FREREE
g? 5.

GPT-3.5 B R P RURREIE, KERIBE SN, FAEREY) -

Table 2: Declarative sentence generation for the VQA task.

authentic images and answer-guided images during the training process through targeted training objec-
tives. This approach enables the model to learn from answer-guided images during the training process
and generate more qualified results during the inference process without answer-guided images.

For the input text 7', authentic image X, and answer-guided image Y, we employ the text encoder
to encode the text 7' into text embedding t, and we employ a shared-parameter visual encoder to encode
the authentic image X and the answer-guided image Y into visual embedding x and y respectively. We
then define the similarity between the authentic image and the text, as well as the similarity between the
answer-guided image and the text, as follows:

S(X, T) = gw(XCIS)Tgt(tClS)a (D
s(Y,T) = gy(yas) ' ge(tass), )
where tgs is the output [CLS] embedding of the text encoder, and X and y, are the output [CLS]
embedding of the visual encoder. g;, g, and g, are transformations that map the [CLS] embeddings to

normalized lower-dimensional representations. Based on it, when the batch size is N, we calculate the
in-batch authentic image-to-text and text-to-image similarity as:

exp(s(X, T)/7)

X2t X) = , 3
P = S (s, *
gy EROGTYT) .
P S (s, 7)) )
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Figure 1: Answer-guided image obtaining for the VG task.
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Figure 2: The model architecture of the ITR task.

Similarly, the answer-guided image-to-text similarity is defined as follows:

exp(s(Y,T)/7)

y2t Y) = ,
re) Zﬁilexp(s(Y,Ti)/T)

&)

where T is a learnable temperature parameter.

For the ITR task, we use the model architecture in Figure 2. Following previous works (Zeng et
al., 2022b; Zeng et al., 2023), in order to align authentic images with texts, we employ contrastive loss
as the training objective during fine-tuning. Let «**'(X) and u'?*(T) denote the ground-truth one-hot
similarity, and the contrastive loss is defined as the cross-entropy H between p and u:

Lo = B [H@C0.p™00) + HE (D), 52 (1)]. ©

We also utilize the matching loss to ascertain the alignment between an image and its corresponding
text:

Ematch = EX,TND [H(umatcha Pmatch (Xv T))] ) (7)
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Figure 3: The model architecture of the VQA and VD task.

where p,.., denotes the matching probability of image-text pair predicted by the model, Wpach 1S @
2-dimensional one-hot vector representing the ground-truth label.

Innovatively, we employ cosine embedding loss and Kullback-Leibler (KL) divergence loss to elim-
inate the discrepancies between authentic and answer-guided images. Firstly, we use the cosine embed-
ding loss to eliminate the visual representation gap. The loss is calculated as follows:

Leos = CosineEmbeddingLoss [gy (Y i) |9z (Xeis)] » (8)

Secondly, because similarity matrices play a key role in calculating the contrastive loss and matching
loss, inspired by previous works (Fang and Feng, 2023; Zhou and Long, 2023; Guo et al., 2023; Zhang
etal., 2023; Fang et al., 2022), we introduce the Kullback-Leibler (KL) divergence loss to bridge the gap
between the authentic and answer-guided image-to-text similarity matrices:

L1 =KL [p?(Y)[lp™(X)] , 9)

Finally, we employ the contrastive loss, the matching loss, the cosine embeeding loss and the KL
divergence loss as combined objectives for optimization during the multimodal fine-tuning stage:

£itr = Ecl + Ematch + )\Ecos + 7/:'17 (10)

where A and ~y are hyperparameters that control the contribution of the cosine embedding loss and the
KL divergence loss.

For the VQA and VD tasks, as proposed in Figure 3, we utilize the next token prediction loss to train
our model. Specifically, we denote the correct answer sentence as v = (uy, ..., ups). The loss functions
of the authentic and answer-guided images are calculated respectively:

M

Ly == logp(u; | ucy,t, ), (1)
j=1
M

Ly == logp(u; | ucj,t,y), (12)
j=1

Innovatively, because the prediction probabilities have a key impact on calculating the next token
prediction loss, we utilize KL divergence loss to enhance the prediction consistency produced by both
types of images at the decoder side:

M
Ly = ZKL [p(uj’u<j>ta y)||p(Uj|U<j,t,fL‘)] s (13)
=1
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Finally, the training objective of the VQA and VD task can be defined as:
L=Lx+Ly+ L, (14)

For the VG task, the fine-tuning model architecture is similar to the VQA or VD task. The bounding
box of the given entity 7 is defined as b’ = (Iz,ly,w, h). The authentic image X and answer-guided
image Y are sent into the model to predict the bounding box of the entity, respectively. The predicted
bounding boxes are as follows:

b (X, T%) = Sigmoid(MLP(exi,,)), (15)
b, (Y,T") = Sigmoid(MLP(cy’,)), (16)

where Sigmoid is for normalization, MLP denotes multi-layer perceptron, ¢x’;, is the [CLS] embedding
of the fusion module given the features of X (the authentic image) and 7' (the description of the entity),
and ¢y’ is obtained the same way from Y (answer-guided image) and 7".

Following the previous work (Zeng et al., 2022b), we employ the same loss function in the pre-
training stage to minimize the discrepancy between the predicted bounding box from the authentic image

and the target bounding box:
Lovos = E(x 1oy | Lioa (', B') + I = Bl a7

We utilize the KL divergence loss to minimize the distance between the predicted bounding boxes
generated from authentic and answer-guided images:

A7 . A7 .
£3 = KL [b, (v, T")|[b, (X, T7)| (18)
Finally, the training objective of the VG task is as follows:
Evg = Ebbox + £3- (19)

4 Experiment

Dataset We conduct experiments on the dataset provided by the organizer” for both fine-tuning and
testing stages. The dataset includes 15 major categories and 92 subcategories of images. The collection
of images is carried out manually according to the categories, and there is a strict requirement that the
content of the images must be representative of the Chinese cultural environment or commonly seen in
daily life.

Pre-trained Models We utilize the CCLM-X2VLM-base' to initialize our model. We employ
BEiT-2 (Peng et al., 2022) as our image encoder and XLM-RoBERTa-base (Conneau et al., 2020) as
our text encoder. Additionally, for tasks requiring image-text generation, we employ the VisCPM-Paint
model? based on the specified image-text generation prompts.

Systems Settings We set the hyperparameters A\ and -y introduced in the ITR task to 0.5, while the
rest of parameters follow the parameters set in the baseline model provided by the organizer. In terms
of computing resources, we fine-tune the model on 2 V100 for the ITR task and on 4 A100 for tasks
involving VQA, VD, and VG during the fine-tuning phrase. During the testing phrase, all tasks are
tested on 4 A100 to obtain results.

We utilize the same system setting in the baseline system and our model. The answer-guided images
and consistency training objects are removed in the baseline system. The experimental results on the
validation datasets are shown in Table 3. By adopting the answer-guided images and our proposed

‘nttps://github.com/WangYuxuan93/CVLUE/tree/main

'https://1f-robot-opensource.bytetos.com/obj/lab-robot-public/x2v1lm_ckpts_
2release/cclm_x2vlm_base.th

https://huggingface.co/openbmb/VisCPM-Paint /blob/main/pytorch_model.bin
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Task TR IR VQA VD VG
Metrics | R@l R@5 R@10 | R@l R@5 R@10| ACC | R@l R@5 R@I10 | IoU
Baseline | 56.5 83.7 89.8 | 39.7 67.7 784 | 524 | 28,6 412 472 | 48.6
OURS 570 839 904 | 398 680 788 | 53.6 | 28.6 414 478 | 493
Table 3: The experimental results on the validation dataset.

Task TR IR

Metrics R@l1 R@5 R@10 | R@l R@5 R@I10

OURS 570 839 904 | 398 68.0 788

-remove KL 55.7 821 899 | 389 670 775

-remove COSINE 559 826 89.6 | 395 672 782

-replace COSINE with L2 | 56.6 83.0 900 | 40.0 67.6 782

Table 4: Ablation study on different training objectives in the ITR task.
Task TR IR VQA VD VG
Metrics R@] R@5 R@10 | R@]l R@5 R@10| ACC | R@l R@5 R@I10 | IoU
OURS 570 839 904 | 398 680 788 | 53.6 | 286 414 478 | 493
-NOISE 527 769 844 | 397 672 783 | 522 | 274 408 470 | 489
-RANDOM | 532 779 850 | 393 674 780 | 525 | 274 402 46.1 | 484

Table 5: Ablation study on different answer-guided images in all tasks.

consistency training objectives during the fine-tuning phase, the performance across various tasks shows
a certain degree of improvement. The improvements show the effectiveness of the answer-guided images.
The proposed training objects in bridging the gap between authentic and answer-guided images are able
to boost the comprehension of Chinese multimodal contexts.

Ablation Study To further prove the effectiveness of our proposed methods, we conduct the fol-
lowing set of ablation experiments: 1) Ablation study on training objectives in the ITR task; 2) Ablation
study on answer-guided images.

As shown in Table 4, we conduct studies on the training objectives in the ITR task to assess the
impact of different loss functions on model performance, which involves the removal of the KL diver-
gence loss or the cosine embedding loss, and the substitution of the cosine embedding loss with L2 loss.
The drop of results indicates the effectiveness of our proposed training objectives, it also proves the
effectiveness of our proposed training method in improving prediction consistency and mitigating the
representation disparity.

As shown in Table 5, we conduct studies to assess the effectiveness of answer-guided images gen-
erated using our method in all tasks. We compare our model’s performance with two regularization
methods: NOISE and RANDOM. NOISE means using noise vectors as the answer-guided image repre-
sentations. RANDOM means shuffling the correspondences between answer-guided images and textual
queries in the training set. We observe a obvious decline using two regularization methods, which shows
that the semantic information in the answer-guided images play a key role in our proposed method.

5 Related Work

Multimodal Pre-training Mutlimodal pre-training research includes the acquisition and clean of
large-scale multi-modal data and the design of network architectures and pre-training objectives and
so on. We focus on the design of pre-training objectives. CLIP (Radford et al., 2021) is trained on
contrastive learning loss, which is widely used in dual-modality. Unicoder-VL (Li et al., 2020) utilizes
the visual-linguistic matching loss to extract the positive and negative image-sentence pairs and predict

Proceedings of the 23rd China National Conference on Computational Linguistics, pages 372-381, Taiyuan, China, July 25 — 28, 2024
Volume3: Evaluations

(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 378



Computational Linguistics

whether the given sample pairs are aligned or not. Unicoder-VL also uses the masked object classification
loss to predict the object category of the masked image regions. UNITER (Chen et al., 2020) uses the
word-region alignment loss which targets at explicitly achieves the fine-grained alignment between the
multimodal inputs. E2E-VLP (Xu et al., 2021) use the image-text generation model to generate text based
on a given image. Ling (Ling et al., 2022) uses the multimodal sentiment prediction loss to enhance
the pre-trained models by capturing the subjective information from vision-language inputs. Image-
conditioned denoising autoencoding is adopted in XGPT (Xia et al., 2020) to align the underlying image-
text using an attention matrix. LXMERT (Tan and Bansal, 2019) uses the masked object regression loss
to regress the masked feature or image regions. In our method, we use the contrastive loss, the image-text
matching loss, the next token prediction loss and other task-specific prediction losses to train our model.

Chinese Text-to-image Generation The mainstream Chinese diffusion image generation models
are derived from further training based on stable-diffusion (Rombach et al., 2022). Some researchers
replace the CLIP text encoder with a bilingual encoder or Chinese encoder Taiyi-CLIP (Wang et al.,
2022), Chinese-CLIP (Yang et al., 2022), and Alt-CLIP (Chen et al., 2023b), followed by pre-training for
text-image matching on a Chinese text-image dataset. Some researchers train on a Chinese text-image
dataset for text-to-image generation and obtain the Chinese version of the diffusion image generation
model Taiyi-diffusion (Wang et al., 2022) and Alt-diffusion (Ye et al., 2024). ERNIE-VILG 2.0 (Feng et
al., 2023) embarked on training a Chinese diffusion model from scratch using Chinese image-text pairs.
In the era of LL.Ms, PaLLl (Chen et al., 2023a) develops a 17B multilingual language-image model based
on 10B image-text pairs spanning 100 languages. MultiFusion (Bellagente et al., 2023) discovers that
the multilingual language model can help cross-lingual transfer in text-to-image generation. We use the
VisCPM (Hu et al., 2023) model, demonstrating that the zero-shot transfer performance of multilingual
multimodal models can surpass that of models trained on Chinese multimodal data.

6 Conclusion

In the Chinese Vision-Language Understanding Evaluation task, we propose a system that enhances
Chinese text-image multimodal understanding by bridging the gap between authentic images and answer-
guided images. Firstly, we propose an image generation module, utilizing the text-to-image generation
model or answer information from the train set to generate answer-guided images for different tasks. Sec-
ondly, we send the authentic and answer-guided images into the model respectively during the fine-tuning
stage. Thirdly, we design specific training objectives for different tasks to encourage the representation
or prediction consistency between the two images. Our proposed method improves the performance of
our model over the baseline model across all the tasks on the validation set.
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